In this paper a control relevant nonlinear dynamic model of grate sintering is presented. The model is designed for control purposes for use in future model predictive control (MPC) strategies. A multi-model approach is utilized where the model is presented as a convex combination of locally affine models. The model performance is compared to global models listed in the literature by simulations and by comparison to industrial plant data.
Introduction
The metallurgical process of sintering prepares the (iron) ore to form suitable feed for the blast furnace. Granulated ore and coke are mixed, moistened with water and micrwpelletized to form the charge. The charge is loaded onto a grate and leveled to form a bed which is ignited by a gas-fueled ignition hood. A heat wave and coke combustion zone travels down through the bed under the influence of a suction pressure. Hot gas from the combustion zone passes through moist charge deeper in the bed where water evaporates. The process can be divided in five subsequent zones; heat exchange, fusion, combustion, drying and over-moist charge. This is illustrated in figure 2 a). The main purpose of sintering is to convert weakly-bounded granules into a partially fused porous sinter cake suitable for feeding to the blast furnace. Sintering is a complex process involving flow of gas through a packed bed, heat and mass transfer between gas and solids, heterogeneous chemical reactions and melting of solids.
Several models of the sintering process is presented in the literature 111, [ [8] . These models are presented as nonlinear PDE's, and mainly f e cus on reproducing important process quantities. There are few reported results on model based control of the sintering process. Kwon et al. 191 uses a linear MPC scheme with an identified input/output model to control the burn-through point of traveling grate sintering. The reported real-time experiments and simulations demonstrates that the chosen MPC algorithm performs well. In the present work, the problem of controlling production rate and quality is directly addressed by identifying a model from designed experiments. As argued below there is an economic criteria restricted by constraints involved, and investigating MPC as a means to control grate sintering is motivated. We seek to exploit the underlying structure of the sintering process to develop a structured model which later on can be utilized to develop a robust control strategy for the sintering process. In the present approach the global nonlinear PDE model is approximated by a convex combination of locally linear or affine models. The local (zone) models are interconnected by both boundary values and propagation of zone positions as sintering proceeds. The interconnection of the zones are handled by the multi-modeling techniques of Johansen and Foss [lo] . This method gives smooth interpolation of zones and is chosen since exact zone boundaries are uncertain and overlap. Early attempts to model the sintering process divided the process into zones [l] . This approach was later abandoned 121. The present approach rcinvestigates this approach, but the motivation for this differs from earlier works. The model in this paper aims at a control d e~~n t model, not a detailed first principles model. In a control relevant model reproducing the internal states is not as important as reproducing the outputs. This becomes important in a state space oriented MPC strategy due to the need for either measuring or estimating the next internal state value x*+~. If XE+I cannot be measured and estimation is hard, it is likely that the MPC algorithm performs poorly. In such a case an input/output oriented MPC strategy might perform better, despite the model being less accurate in reproducing the internal states.
The present paper will emphasize the development of the control relevant model, and the control algorithm itself is to be investigated in a later paper. 
Model
A model can be derived either from physical knowledge, identified from data or as a combination of these. A control relevant model is tailored to the selected control strategy, i.e. the control strategy influence on what information the model should produce. For the sintering process the overall goal is to produce sinter at prescribed quality and rate at the lowest possible cost. Manipulated inputs are coke, water, ignition energy and air flow, while the feed is regarded as a disturbance. The process dependent outputs are quality in terms of mechanical strength and reducibility 1111, and production rate. The amplitude and shape of the heat wave determines the quality: Increased coke content increases the maximum sintering temperature, T,,,,, [8] , but to achieve high reducibility T,,,,, should not be too high [12] . In addition proper ignition is necessary to establish the initial conditions for sintering [2] . The process variable influencing on production rate is mainly the permeability of the bed which in turn is influenced mainly by water content. There is an optimal water content yielding the highest bed permeability, i.e. there is an optimum in both coke [E] and water content [13] which can be formulated in a MPC criterion. Bounds on T,,,,, and minimum ignition energy are formulated as constraints in the MPC formulation. Due to the large (hot) recycle and time delays present the process is considered difficult to control, with quality and production rates being hard to predict [5] .
The recycle stream is an important process variable serving as an on-line measure of mechanical sinter quality: Poor mechanical quality will give increased recycle rate, which in turn reduces the production rate. Reducibility can be quantified from the temperature profile in the fusion zone [12] . Since modeling the sinter quality is difficult, it is identified from experimental data not modeled explicitly at this stage. The stationary equations of the Voice permeability P in the laminar and turbulent flow regimes are respectively:
The productivity relation thus becomes:
where n = 0.5 for turbulent flow and n = 1 for laminar flow. The mass air flow G serves as an on-line measure of production rate. Note that when significant melting occurs dp becomes a conceptual parameter.
The discussion above on in-and outputs is represented graphically in figure 1. A mechanistic model based on models reported in literature is presented in section 2.1, and a state-space multimodel is suggested in section 2.2. The models considered in this paper does not incorporate radial distributions, and the industrial process considered is batch-wise sintering of manganese ore in Greenawalt pans.
Mechanistic model
The general PDE model is stated in appendix A. Parameter uncertainties are present in the global models, since essential parameters typically are determined from empirical formulas valid only under idealized conditions.
In industrial sintering processes the formation of cracks and channels leads to areas where air passes through without interacting with the mass in the sinter bed. In particular, the mass, h,, and heat, h,, transfer coefficients are calculated from the Nusselt and Sherwood numbers. These number are again calculated from the empirical relations [14] :
valid for an idealized bed with homogeneous packing. In an industrial bed the gas flowing through channels and large cracks are not interacting with the solid, and the values estimated from the empirical relations for an idealized bed will deviate from the actual values. Various heuristics are utilized to overcome this in the literature, i.e. altering the constants of the empirical relations [2] ,
[3], [q, and introducing a scaling factor [5] , [SI.
The kinetic parameters of coke combustion, fusion and solidification of solids and condensation are also not known in detail. The kinetic model of coke combustion is discussed in [l] assuming the reaction C+Oz -+ COz. The kinetics of fusion of solids is described by empirical schemes based on slag diagrams [6] or linear schemes based on process experience [5] . The kinetics of condensation of water is derived from laboratory tests [15] or by heuristics and experience [2] . In addition the heat capacity of the solid and the void fraction will change in a complicated way as sintering proceeds. The average particle diameter, dp, will not have a physical interpretation once melting in the fusion zone has occurred. Still all cited models utilize some equivalent particle diameter when melting has occurred.
Assuming infinite fast gas dynamics a mechanistic energy balance yields the pressure drop as the isothermal Ergun's relation:
The pressure profile 2 is highly nonlinear in E and dp, and estimating them by use of the Ergun relation will lead to uncertain values. Consequently the models available in literature uses heuristic estimates of the profiles and 2. All these phenomena gives rise to a model with many uncertain parameters, which must be accounted for when applying model based control to the sintering process.
State-space multi-model
The bed is divided in a fixed number n, of vertical layers named elements Azi. Each element is allocated a model type Mz,<, i E 1,. . . ,5. These zone models are models of the natural zone partitioning depicted in figure 2 a). The allocation is based on process knowledge, i.e. as the state of the element as a function of either T, and/or
zc, Z H~O (~) .
Once the model in an element has changed from Mz,< to Mz+,, it can never change back to Mz,i.
As an example the transition from Mz,4 to Mz,3 is controlled by the ignition temperature of coke % 900-1O5O0C, i.e. in an element At( with solid temperature in this range, both Mz, 4 and Mz,a is calculated, and the resulting states become a weighted sum of the two models. Similar heuristics controls the transition between other zone models. The void fraction profile g is estimated by combining the weighting functions, the measured pressure and the Ergun relation in equation (4). A graphical illustration of the modeling concept and weighting functions is presented in figure 2 b) . Note that a transition spans more than one element in general. In addition the same technique can he applied independent of the model type, linear vs. nonlinear etc., allocated to the individual elements. However, if the structure of the zone models differs explicit handling of initial conditions must be done to prevent inconsistencies. In the present model the model structure inside each zone is identical (linear or affine), and such initialization problems does not occur.
Viewed as a discretization of a system of PDE's, the de- scribed multi-modeling technique is related to the finite element method (FEM)'. Extensions to FEM is that in the present approach interpolation is done in the statespace as well as in time and the spatial domain.
Simulations
Simulations of the global and multi-model approaches are compared to measurements taken on an industrial plant. The plant data and simulations are shown in figure 3.
The temperature dependent aggregated parameters of the mechanistic model were manually tuned against the plant data. Similarly, the parameters associated with each of the five multi-models were tuned against the The model does not incorporate radial spatial inhomogeneities, which are known to appear regularly in industrial applications in form of channels, cracks and inhomogeneous filling and mixing. Such inhomogeneities causes radial temperature and concentration gradients, in addition to the axial gradients modeled herein. Future work on mechanistic modeling should incorporate radial gradients, possibly with additional simplifying assumptions.
Manual tuning of parameters in a non-linear, coupled distributed system is non-optimal, and a suitable identification scheme should be implemented. Manual tuning of the parameters of the (affine) multi-models is again non-optimal, and work is in progress to implement augmented Kalman filtering in each operating regime. The observability of the (distributed) system is yet to be investigated. Tuning has only been performed for one set-point zC,o, z, , and is not expected to be robust to set-point variations. The affine multi-model uncertainty problem can be dressed by the method of Slupphaug and Foss [IS].
The mechanistic model was simulated by applying Newton iterations to an implicit finite difference scheme giving unconditional stability. The stability of the multimodel simulation scheme has not been analyzed. The linear weighting functions can be replaced by smooth functions, and the elements Az; of the multi-model can be decoupled from the spatial discretization resolution of the implicit difference scheme. The relation between FEM and the proposed state-space multi-model algorithm should be pursued further. A multi-model uncertainty class should be defined and identified. The control algorithm itself is to be investigated in a later paper.
The simulations showed that the performance of the simpler model gave satisfactory results as compared to the mechanistic model. However, an improved mechanistic model can give better simulation performance.
The proposed multi-model algorithm reveals an interesting relation between multi-modeling techniques and finite-element methods which suggests a direction for future research. This also suggests that stability issues of the proposed multi-model algorithm can be analyzed with methods previously applied to FEM. Finally, multimodels have so far been extensively investigated for data driven models, while the present case is motivated by acknowledging that models published in the literature have important parameter uncertainties.
A Mechanistic model
The following states are included in the model z = ture of solids and gas, coke concentration in solid, liquid water content2 and gas composition including water vapor. Pr -Prandtl number: PT =
